Abstract-Geophysical products generated from remotely sensed data require validation to evaluate their accuracy. Typically in situ measurements are used for validation, as is the case for satellite-derived soil moisture products. However, a large disparity in scales often exists between in situ measurements (covering meters to 10 s of meters) and satellite footprints (often hundreds of meters to several kilometers), making direct comparison difficult. Before using in situ measurements for validation, they must be "upscaled" to provide the mean soil moisture within the satellite footprint. There are a number of existing upscaling methods previously applied to soil moisture measurements, but many place strict requirements on the number and spatial distribution of soil moisture sensors difficult to achieve with permanent/semipermanent ground networks necessary for long-term validation efforts. A new method for upscaling is presented here, using Random Forests to fit a model between in situ measurements and a number of landscape parameters and variables impacting the spatial and temporal distributions of soil moisture. The method is specifically intended for validation of the NASA soil moisture active passive (SMAP) products at 36-, 9-, and 3-km scales. The method was applied to in situ data from the SoilSCAPE network in California, validated with data from the SMAPVEX12 campaign in Manitoba, Canada with additional verification from the TxSON network in Texas. For the SMAPVEX12 site, the proposed method was compared to extensive field measurements and was able to predict mean soil moisture over a large area more accurately than other upscaling approaches.
I. INTRODUCTION

V
ALIDATION of satellite and airborne geophysical data products is a critical task in supporting the success of Earth science missions. However, this task is often hindered by two important issues: 1) the difference in scales between coarse resolution (∼ km scale) mission products and localized point-scale in situ sensor measurements and 2) the inability of in situ networks to fully capture the spatial heterogeneity of geophysical variables. The variable of interest in this paper is soil moisture, though the analysis and methods presented could as easily apply to other products. In particular to validate coarse-resolution soil moisture estimates from missions such as the NASA soil moisture active passive (SMAP) [1] and the European Space Agency's (ESA) soil moisture ocean salinity (SMOS) missions [2] , soil moisture estimates from a broad and diverse set of validation sites must be appropriately combined to develop scale-representative soil moisture aggregates. This is to say that point-wise in situ observations have to be upscaled to properly estimate the true mean of the soil moisture fields at the coarse-scale (several kilometers) of the satellite products.
In situ networks typically consist of a number of soil moisture sensor probes installed throughout a study domain. Often the probes are installed only within a few centimeters of the surface, but in some instances, they are also distributed along a vertical profile to capture the so-called root-zone soil moisture. Each profile may comprise 3-5 individual probes installed at different depths within the soil, with probe measurements typically collected every 15-30 min. Given the small-scale (tens of meters) variations in soil moisture expected at many locations, the measurements collected by each soil moisture sensor profile generally only characterize soil moisture in the immediate vicinity of the sensors. Satellite soil moisture products, on the other hand, due to the spaceborne observatory's orbit geometry and antenna field of view, are typically on the order of at least a few kilometers. For example, radiometer-only soil moisture estimates from SMAP (L2SM_P) are reported at 36-km resolution and estimates from SMOS are on the order of 40 km. In situ networks must be specifically deployed and tailored 1939 -1404 © 2017 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
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toward a mission's validation strategy to ensure proper alignment of sensor with validation pixels and proper spatial sampling of subpixel variability within that pixel [3] . Surface soil moisture content (<5-cm depth) has a high degree of spatial variation, and is in general, a complex function of local topography, soil texture, precipitation, and vegetation cover. Therefore, uniformly distributed in situ sensors are likely to lack spatial representativeness and may not fully capture soil moisture heterogeneity and dynamics within a study domain. Crow et al. [4] in a comprehensive review of soil moisture upscaling strategies highlighted the fact that progressively a larger number of point-scale sensors (N > 10) are needed to achieve field aggregates of soil moisture close to the true mean, which also meet the SMAP mission root mean squared error (RMSE) accuracy goals of 0.04 m 3 m −3 . However, from a practical point of view, installation and maintenance of many spatially uniformly distributed sensors becomes time consuming and costly.
In the past, numerous soil moisture upscaling methods, with varying degrees of complexity and accuracy, have been introduced and are divided into two general classes of techniques: 1) sensor-only methods and 2) model-driven approaches. The most simplistic sensor-only upscaling approach is the arithmetic mean of all existing sensors within the study domain or satellite footprint. Unless a large number of well-distributed sensors exists, linear averaging of sensors within a site does not capture the true field mean. Block Kriging [5] , on the other hand, by estimating correlation and covariance between individual sensors, usually via time-series analysis, is able to derive nonequal linear weights to calculate upscaled soil moisture. Temporal stability concepts, introduced in [6] , attempt upscaling soil moisture by first identifying regions with persistent soil moisture patterns, then aggregating a select subset of sensors to field size, typically by simple averaging. The challenge here is identification of desirable sensor locations prior to installation. Inverse distance weighting, forms weighted average of sensor measurements, using weights that diminish as function of distance from the sensors. Theissen polygons are formed by joining sensor nodes with line segments, finding perpendicular bisectors of those segments, and extracting a set of polygons with sides formed by perpendicular bisectors.
Sensor-data driven upscaling methods incorporate static and dynamic spatial data, field campaign data, and sometimes land surface models into an overall model of soil moisture in the study domain. These approaches have the potential to produce significantly more accurate upscaled soil moisture estimates than can be obtained using sensor-only approaches.
Distributed land surface models such as TOPmodel-based Land Atmosphere Transfer Scheme (TOPLATS; [7] , [8] ) are an example of a model-driven approach. Such models incorporate a number of static and dynamic data sources and provide spatially distributed estimates of soil moisture from which upscale soil moisture estimates can be generated. Although distributed land surface models are able to capture the spatial pattern of soil moisture errors in model assumptions and input parameters can lead to discrepancies when compared to measured values [9] . The accuracy can be improved by constraining modeling with in situ measurements [10] but there is still a requirement for the model to be representative of the underlying spatial patterns of soil moisture.
When collectively considering 1) resolution disparity, 2) sensor representativeness, and 3) soil moisture spatial variability, the need for new and robust upscaling techniques becomes clear, and development of such approaches are of keen interest. Furthermore, methods in which other static and dynamic ancillary data sources or data layers, are included along with in situ sensors to upscale soil moisture can overcome the deficiencies of sensor-only upscaling techniques and are not impacted by modeling errors. Preventing propagation of land surface modeling errors into upscaled estimates reduces the need for additional error and uncertainty analysis and mitigation.
With this in mind, the work here will present and discuss a novel upscaling strategy using the method of Random Forests regression [11] . This algorithm is capable of modeling complex nonlinear systems and is able to simultaneously handle continuous data (e.g., temperature and elevation) and categorical data (e.g., landcover type). This is the first demonstration and application of the Random Forests algorithm to soil moisture upscaling.
In Section II, we present an overview of the study sites along with their spatial domain and in situ network characteristics. The Random Forests regression scheme and methodology is outlined in Section III, including an examination of the ingestion of closely related geophysical data layers along with microwave remote sensing data. Upscaled soil moisture results at the study sites are then presented and discussed in Section IV, along with independent validation of the methodology.
II. STUDY SITES
A. Tonzi Ranch, California, United States 1) Site Characteristics: The greater Tonzi Ranch domain, located in north-central California (centered at 30.3 • N, 120.9 • W), is a 36 km × 36 km domain. Predominantly a grassland/herbaceous region mixed with large patches of forests (dominated by blue oak) and shrubs. The climate is classified as mild Mediterranean with hot and dry summers (Csa) and a Woody Savanna International Geosphere-Biosphere Program (IGBP) classification. The annual mean temperature is 16
• C with 560-mm mean annual precipitation. Generally, grass and herb growth cycles are limited to the rainy seasons (October to May). Surface soil texture throughout the site is approximately 20% clay and 40% sand. Since 2001, the primary Tonzi ranch site has been part of the AmeriFlux network, and includes many long-term ecological and climatological monitoring sensors. Fig. 1 shows the contrast in understory growth between hot and dry summer months and wetter winter periods.
Tonzi Ranch also includes multiple independently managed soil moisture stations. Of these, three stations operated by the Oregon State University (OSU) are part of the NASA AirMOSS mission calibration and validation sites and measure soil moisture at depths of 5-40 cm within the soil column. Soil moisture data from these stations are used as independent validation points of the proposed upscaling scheme in this paper and discussed in Sections III and IV. 2) SoilSCAPE Network: The soil moisture sensing controller and optimal estimator (SoilSCAPE) project was initiated to provide in situ measurements of soil moisture in support of validation of spaceborne and airborne products with a focus on novel wireless sensor network technologies [12] , [13] . A main objective of SoilSCAPE is to demonstrate that by utilizing smarter network technologies and optimally placing sensors, representative measurements of soil moisture could be obtained, using a small number of sensors at a range of spatial scales, and with lower set up and maintenance costs than traditional networks.
To this end, SoilSCAPE has deployed multiple subetworks of wireless soil moisture nodes throughout the greater Tonzi ranch site in North-central California (see Fig. 2 ). Each subnetwork, consists of a cluster of sensors nodes , which are also referred to as end devices (EDs). Each node incorporates 3-4 soil moisture sensors nominally installed at 5, 20, and 40 cm depths within the soil column. EDs wirelessly communicate with a local coordinator (LC) on a nominal 20-min sampling cycle but also have the capability for variable adaptive scheduling. The LC from each network uploads the soil moisture measurements to a data server. The server performs data quality control and web publishing in near-real time. As of September 2016, SoilSCAPE includes seven networks clusters and 114 EDs, in North-central California. A summary of the network features is given in Table I . Placement of sensors for the entire SoilSCAPE network was primarily driven by two factors 1) SMAP soil moisture product validation efforts and 2) within-network sensor placement considerations. The SMAP mission was intended to provide soil moisture estimates at 3 (radar-only), 9 (radar-radiometer) and 36 km (radiometer-only) spatial resolutions. Each SoilSCAPE sub-network (Table I) was initially deployed to sample 3 or 9 km region. Within each network, sensor placement was driven by the need to sample representative vegetation and soil types. Additional constraints such as range of wireless communication, land use permissions, dense vegetation and topography were also considered. With the SMAP radar ceasing operation as of 7th July 2015 and high resolution (3 or 9 km) soil moisture products no being produced. The greater Tonzi Ranch site (Tonzi Ranch, BLM I, II and III) sites have collectively been utilized within the proposed upscaling scheme to address the SMAP radiometer-only (36 km) soil moisture product validation.
B. Winnipeg, Manitoba, Canada
1) Site Characteristics: Located in southern Manitoba, Canada, this site was the focus of the SMAP Validation Experiment 2012 (SMAPVEX12; [14] ). The study domain covers an area of approximately 13 km × 70 km (see Fig. 3 ) and is within the Canadian Red River Watershed. The region is predominantly agricultural, with some permanent wetlands and mixed forests. Dominant crops include soybean, canola, corn, and cereal grains. The primary tree types in the forested regions are Aspen and Bur oak with a dense understory. Seeding typically occurs in the months of April or May with harvesting in August or September. Across the domain, soil texture, especially clay content varies significantly with very high clay fractions on the eastern edge with a sharp transition to loamy soils towards the western edge. The region any lacks significant topography.
2) SMAPVEX12 Campaign: The SMAPVEX12 campaign was carried out to support prelaunch SMAP algorithm development activities, with special focus on agricultural regions. The campaign lasted over 40 days from 7th June to 19th July 2012. Throughout the SMAPVEX12, campaign two airborne NASA microwave remote sensing instruments, the Uninhabited Aerial Vehicle Synthetic Aperture Radar (UAVSAR) and the Passive Active L-and S-band Sensor (PALS), were flown over the region. L-band radar (1.26 GHz) and L-band radiometer (1.4 GHz) observations were collected on 17 different days during this time period as proxies to the SMAP observatory. Concurrent with airborne flights, multiple ground crews collected extensive soil gravimetric and bulk density samples, soil temperature, and roughness measurements across the entire domain. Hand-held sensor probes were also used to sample soil moisture and complex permittivity. Significant effort was also made on vegetation structure and geometry characterization both within the agricultural sites and forested regions. A comprehensive description of SMAPVEX12 activates is documented in [14] . Temporary soil moisture stations (31) were also installed during SMAPVEX12 and managed by the US Department of Agriculture (USDA). Each station included profile soil moisture measurements at 5-and 10-cm depths. Multiple long-term soil moisture networks managed by Agriculture and Agri-Food Canada (AAFC) also exists within the domain.
C. Texas 1) Site Characteristics:
The Texas Soil Moisture Observation Network (TxSON, [15] ) covers a 36 km × 36 km area (centered at 30.3 • N, 98.8
• W) near Fredericksburg, Texas along the Pedernales River and within the middle reaches of the Colorado River. Located on the Edwards Plateau, the karst terrain is a combination of rugged limestone hills with thin soils and lowland alluvial deposits with elevations ranging from 320 to 670 m. Soils are generally clay loams on hilltops with loamy materials in valley bottoms. Clay content ranges from as low as 3% in the low-lying areas up to 50% in other locations. The landcover in the area is a combination grassland/herbaceous (live oak savanna) and evergreen woodland (ashe juniper) primary used for grazing livestock. The region has a semiarid climate, with hot summers and a generally mild winters. Temperatures range from 35
• C in the summer to 2 • C during winter and mean annual precipitation is around 700 mm.
2) TxSON Network: The TxSON network consists of 40 stations, distributed throughout the 36-km cell (see Fig. 4 ), measuring situ soil moisture, soil temperature, and precipitation. The stations were installed in a nested design to provide mean soil moisture at 3-, 9-, and 36-km scales in support of the SMAP mission.
III. METHOD
The upscaling function relies on building a model expressing soil moisture, for a given date, as a function of a number of geophysical parameters or data layers. The model is trained using measurements from in situ sensors within a given time period. This model is then applied to produce gridded estimates Due to the complex relationship between soil moisture and the data layers used, the Random Forests algorithm [11] was used to build the model. Random Forests was selected is able to take continuous and categorical data as input and has been applied in a number of areas to solve classification and nonlinear regression problems (e.g., [16] ). Random Forests is an extension of the Classification and Regression Trees algorithm (CART; [17] ) and utilizes multiple decision trees. Each decision tree is constructed by randomly selecting N samples (where N is the total number of samples), with replacement (bootstrap aggregation; bagging) so as not to alter the characteristics of the pool as selections are made [18] . Approximately 2/3 of the samples are selected to form each tree; the remaining samples (out-of-bag samples) are used to validate the tree. The combination of out-of-bag results across all trees can be used to evaluate overall regression accuracy on the absence of independent validation data. When applying Random Forests, the average soil moisture predicted over all trees is taken as the value for that cell.
A number of layers were used as input to Random Forests; these were chosen as they are known to drive the spatial and temporal variations of soil moisture. Many of these layers are similar to those used to parameterize distributed land surface models (e.g., [9] ). The following data layers providing static (i.e., invariant over the period of the study) information.
1) Land Cover-Best available for site.
2) Elevation-Highest available resolution for site.
3) Slope-Derived from the DEM. 4) Aspect-Derived from the DEM. 5) Flow accumulation-Derived from the DEM. 6) Soil clay fraction-From a regional database.
For both the SoilSCAPE site in California and the TxSON site in Texas, the 1/3 arc second (∼10 m) resolution National Elevation Dataset (NED; [19] , [20] ) was used to provide elevation information and derived products. For the SMAPVEX12 site, the elevation data from the Shuttle Radar Topographic Mission (SRTM) were used at 3 arcsec resolution [21] . SRTM was used for SMAPVEX since SRTM provides the elevation data used in the SMAP soil moisture retrieval algorithm for latitudes in the range 60
• N-56
• S [22] , and we sought to maintain consistency with SMAP where possible without impacting performance.
To provide information on landcover, the National Land Cover Dataset (NLCD; [23] ), derived from Landsat data at a resolution of 30 m, was used for both the SoilSCAPE site and the TxSON site. As the NLCD is only available within the United States, the MODIS landcover product (MCD12Q1; [24] ), with a spatial resolution of approximately 500 m, was used for the SMAPVEX12 site.
For both SoilSCAPE and TxSON, soil clay fraction was taken from the USDA's SSURGO soils database (see [25] ). For SMAPVEX12, soil clay fraction was taken from the Canadian Soil Information Service's National Soil DataBase (CanSIS NSDB, [26] ).
The landcover, topography, and soil clay fraction datasets were used to guide sensor placement at each site within the SoilSCAPE network to ensure the maximum possible number of combinations were sampled.
In addition to the static layers, dynamic layers were used, chosen based on the date of the in situ estimates, to provide information on or be related to the temporal dynamics of soil moisture. These included the followings. 1) Daily precipitation.
2) Daily temperature.
3) SAR Backscatter-HH, VV, and HV polarization, closest date scene selected. Daily precipitation and mean temperature at 4-km resolution from the PRISM Climate Group [27] were used for both the SoilSCAPE site and the TxSON site. As precipitation is infrequent for the SoilSCAPE site, temperature was also included as a driver of evapotransipiration. For SMAPVEX12, where PRISM data were not available, precipitation data from the European Centre for Medium-Range Weather Forecasts (ECMWF ERA-Interim, [28] ) were used; these had a spatial resolution of 16 km. These were chosen as they are also being used as part of the SMAP mission product generation.
Multiple acquisitions of airborne SAR were available for use in the upscaling for the SoilSCAPE site and the SMAPVEX12 site, but not for the TxSON site. For the SoilSCAPE site, Pband data from the AirMOSS mission were available from a total of 12 dates in November 2013, February 2014, September 2014, February 2015, and May 2015 [29] . For each date upscaled results were generated, the AirMOSS acquisition closest to that of the date being modeled was selected. Similarly, for the SMAPVEX12 site, L-band UAVSAR data were available for ten dates between June and July 2012, with the UAVSAR acquisition timestamped closest to the date being modeled used in the regression. Most of these UAVSAR flights were coincident with SMAPVEX12 field sampling dates, although UAVSAR data collection did not start until the fourth day of field sampling. As airborne SAR data are only available over a small number of sites, all runs were performed including SAR data, and then, repeated without SAR data to evaluate any effects on accuracy.
To construct each tree within the "Random Forest," a random chosen subset of all available data layers was used. Using only a subset of available data layers is part of the Random Forests algorithm, and is designed to reduce the correlation between trees. Three layers per tree were chosen as a good compromise between creating strong individual trees and reducing correlation between trees. Random Forests also works best when a large number of trees are used. In this case, the number of trees was chosen to be 300, as trial runs had shown that the number of errors stopped decreasing after ∼200 trees and we wanted to allow for run-to-run variability. The implementation of Random Forests regression available through the Python library scikitlearn [30] was used.
IV. RESULTS
The Random Forests upscaling was first applied to the SMAPVEX12 site since extensive field measurements and samples were available to compare up scaled soil moisture estimates. The method was then applied to the TxSON site where a large number of spatially distributed sensors allowed for splitting into training and validation datasets. Finally, to address and assess soil moisture upscaling activates in support of SMAP, the Random Forests upscaling was applied to the SoilSCAPE network in California.
A. SMAPVEX12
The upscaling method was applied to 13 days of in situ data from a temporary network between June and July 2012, coincident with extensive field sampling. The importance of each of the layers when UAVSAR data were included, computed by Random Forests and averaged over all days, is shown in Fig. 6 . As all sensors fell within the same MODIS class (croplands), the landcover had no importance in the classification. The most important class was elevation, next most important were UAVSAR HV and the clay fraction. Elevation and clay fraction are likely to be been ranked so important because the SMAPVEX12 study area comprised two sharply distinct regions: A high elevation/low clay region covering the majority of the study area and a low elevation/high clay region in the southeastern corner of the study area. The latter region seems to have retained more water than the former, and exhibited consistently higher levels of soil moisture. This is also where the majority of the in situ sensor stations were installed. The least important layer was precipitation, likely because there was only precipitation for eight of the 13 days. When only days with precipitation were considered, precipitation was the second most important layer.
Results from the proposed Random Forests upscaling method were evaluated against the mean of samples collected during the SMAPVEX12 field campaign and compared to six existing methods for upscaling (Table II and Fig. 7) . Five of the existing methods used only sensor data, multiple linear regression using the same layers as the Random Forests approach was also included. The results indicated that the lowest RMSE and bias (mean difference) relative to the field means were obtained using our proposed method with UAVSAR data (RMSE 0.025 m 3 m −3 ; Table II ). Excluding UAVSAR slightly increased the error, but both runs using Random Forests performed better than the other methods tested. It is important to note that the in situ stations were installed primarily in the lower right part of the study domain, where there is a high clay fraction and higher soil moisture than the rest of the domain. This inherently biases all of the methods which use only the sensor data. The Random Forests and linear regression methods both included clay fraction as input and were both able to capture the spatial variation of soil moisture with respect to clay fraction. However, in contrast to Random Forests, the values produced when applying the linear regression model were unrealistic, including many negative values that skewed the upscaled value.
B. TxSON
For the TxSON site, upscaling was applied to daily measurements of soil moisture covering a one-year time series between December 2014 and December 2015. As no field or independent sensor measurements were available 20 of the 40 available TxSON nodes were set aside during each upscaling run to use for validation. It was possible to do this at the TxSON site due to a dense and evenly spaced distribution of sensors within the grid, allowing an representative value of the mean upscaled soil moisture to be obtained using an arithmetic mean taken over a subset of nodes. The validation nodes were randomly selected for each run, with multiple runs used to reduce variation due to the choice of nodes. To evaluate the sensitivity of the Random Forests upscaling to number of nodes, tests were performed using between 5 and 20 of the remaining nonvalidation nodes. For each test, an arithmetic mean was taken over all training nodes to compare this method of upscaling with the results from Random Forests.
The results are presented in Table III . The lowest RMSE (0.027 m 3 m −3 ) was obtained when all 20 nodes were used with an arithmetic mean, performing slightly better than the Random Forests upscaling with the same number of nodes (RMSE 0.029 m 3 m −3 ). When only 5 and 15 nodes were used Random Forests performed better than an arithmetic mean and the same when ten nodes were used (RMSE 0.03 m 3 m −3 ).
C. SoilSCAPE
The upscaling was applied to data over a two year period between 2014 and 2016 [31] . Fig. 8 shows average over all in situ soil moisture sensors and upscaled soil moisture for the entire time series. The upscaled estimates of soil moisture were similar to the average over all sensors, differing by 0-0.08 m 3 m −3 and Average over a time series and using five random permutations of training/testing sensors. Results from Random Forests upscaling are compared with a simple arithmetic mean of training pixels. having a lower standard deviation. The number of sensors used for each date ranged from 15 to 49 with an average of 31. Over all runs the average out-of-bag error was 0.046 m 3 m −3 . The importance of each of the data layers is shown in Fig. 9 . The most important layer was accumulation, followed by slope then temperature (a driver of evapotranspiration). When considered over all dates, precipitation had the lowest importance as it was only nonzero for 21% of dates used. When considering only dates where precipitation was nonzero, it was the fourth most important layer after slope, accumulation, and temperature. For both instances, AirMOSS data were more important than landcover and clay fraction, with HV having the highest importance of all polarizations when all dates were included and HH when only dates with precipitation were included.
In the absence of extensive field samples to calculate the true upscaled soil moisture, the separate network of sensors installed at Tonzi ranch by OSU were used to compare predicted soil moisture for the 100-m cells containing the sensors. The comparison, covering the period January 2014-December 2015, is presented in Fig. 10 . The results show an RMSE of 0.041 m 3 m −3 when all three OSU sensors are considered. When AirMOSS data were not included the RMSE remained at 0.041 m 3 m −3 .
V. DISCUSSION
A. Approach to Upscaling
To address validation of spaceborne soil moisture products, especially the NASA SMAP mission, a data-driven method has been presented, which upscales surface soil moisture measurement using in situ sensors as well as relevant geophysical data layers, e.g., precipitation, soil texture, etc. The technique makes use of the Random Forests regression and classification algorithm to form data-driven regressions trees linking surface soil moisture to a number of different, but interrelated, data layers.
Independent validation of the method was performed by application of Random Forest of data gathered during the SMAPVEX12 campaign and as well as analysis on in situ sensors in the TxSON site. Analysis of Random Forests for SMAPVEX12 show that the method outperforms traditional upscaling techniques using only sensor data: Arithmetic mean, Inverse Distance Weighting, Theissen Polygons, Time Stability, and Kriging. It also performed better than multiple linear regression, using the same input layers. With respect to intensive ground truth sample, the Random Forests method had the lowest RMSE (0.025 m 3 m −3 ) and smallest bias (0.008 m 3 m −3 ), when compared to these other techniques. The poor performance of multiple linear regression is likely due to lack of a strong linear relationship between soil moisture and the data layers used as input for the SMAPVEX12 site.
For the TxSON site, the number and distribution of nodes were sufficient to capture the variation present so a simple average was sufficient to provide upscaled soil moisture. For this case, there was no benefit in the Random Forests approach. Where reducing the number of nodes used for upscaling the performance of Random Forests improved, compared to a simple average.
For the SoilSCAPE network in California, high-resolution Random Forest predictions strongly track an independent network of in situ sensors. Mean upscaled soil moisture is similar to mean sensors in situ values over the two-year study period, but with less spatial variation. Due to limited precipitation throughout this study, this data layer was minimally ranked, however, when considering precipitation-only days, albeit still small, it was the fourth highest ranked parameter.
Utilization and application of interrelated geophysical data layers, as drivers of spatial and temporal soil moisture dynamics, within the regression scheme proves advantageous and overcomes sensors-only methods' shortcomings. The latter methods' performance suffers significantly with inadequate number of sensors and poor placement. Information not captured by the sensors can be inferred from different data layers. Unlike distributed land surface models the importance of each data layer is driven by the available in situ measurements rather than being predetermined and can site or even date specific. The importance of each layer can be analyzed after each run.
The upscaling method is computationally efficient and can automatically be applied to a long-time series of data. For example, running the upscaling for the 730 dates data from the SoilSCAPE network were available took 90 min on a high end workstation (Intel i7). The upscaling can easily scale to higher resolutions and larger areas, if suitable input layers and in situ data are available without significantly increasing run time as applying Random Forests to an image is quick and can be applied on a per-pixel basis requiring very little memory. In contrast, resolution and domain size has a large impact on run time for distributed land surface models.
B. Role of SAR Data
As airborne SAR data were available over both the SMAPVEX12 (UAVSAR; L-band) and SoilSCPAE (AirMOSS; P-band) sites they were included as data layers in the upscaling. These datasets provided high-resolution information related to landcover and moisture content of both soil and vegetation.
While the landcover maps were able to provide discrete classes the SAR data could provide more granular information with short dense blocks of trees exhibiting a different response to tall sparse blocks. Analysis of Random Forest outputs demonstrated both P-band SAR from AirMOSS and L-band SAR from UAVSAR could play an important role in the upscaling function, based on the importance of these variables in the classification. Further tests without the inclusion of SAR data revealed little difference in overall accuracy compared to when the SAR data were included, indeed for the SMAPVEX12 site, including UAVSAR had a slightly negative effect on accuracy. It is likely that for the two examples presented, the information provided from the SAR data was already better captured in other layers (e.g., landcover classification). For other sites including SAR data may have a greater impact. One of the advantages of the Random Forests approach proposed is that it can take airborne or spaceborne data from a range of sources as input rather than requiring derived products.
C. Network and Sampling Design
One of the aims of the SoilSCAPE project was to improve the design of in situ soil moisture networks through the use of the latest technology and algorithms, including investigating alternative approaches to upscaling, in order to provide validation data at a range of scales. As part of this, landcover, topography and soil properties layers were used to guide sensor placement rather than only considering only spatial distribution. This design meant the network was poorly suited for traditional upscaling approaches but well suited for the method presented here which used the same data layers as those used when planning the network.
In contrast to the SoilSCAPE network, the SMAPVEX12 and TxSON networks were designed around standard upscaling approaches with sensors placed to maximize spatial coverage. The lower errors when applying our proposed Random Forests method to upscaling compared to standard upscaling approaches applied to SMAPVEX12 demonstrates that even for networks with a good nominal spatial distribution our method performs better than existing methods, provided that there are in situ observations over representative strata of the domain properties (soil texture, landcover, topography, etc.). Conversely, even if there are a large number of sensors used, if they not placed with landscape representation, they cannot be used to calculate an accurate mean value.
The SoilSCAPE network design, of deploying clusters of sensors centered around a main controller node significantly reduces the cost of network installation and maintenance as more expensive components such as data loggers and modems are shared between a large number of nodes rather than being required for each node. The design also allows the network to operate at a range of spatial scales.
D. Ongoing Validation of Spaceborne Products
One of the advantages of long-term soil moisture networks is that they can be used to provide validation data over the duration of a spaceborne mission, compared to field campaigns which are only able to provide data for a short period of time (typically weeks). The upscaling approach presented here has demonstrated the ability to be applied to such long-term in situ networks. For the SMAP mission, another consideration is that the upscaled results can be provided to the calibration and validation team in a timely manner and that they can be incorporated within the existing science framework. The upscaling method presented here has exhibited stable performance under the typical annual range of moisture conditions experienced within the SoilSCAPE network's 36 km × 36 km upscaling cell as well as an ability to cope with missing sensors. This has been demonstrated by applying our method to two years of data for the SoilSCAPE site, during which soil moisture ranged from <0.05 -0.3 m 3 m −3 . The number of in situ measurements available varied from 15 to 49, with the variation due to sensors failing and being repaired over the course of the run and additional sensors being installed.
E. Future Work
In addition to the use of two independent field sites (SMAPVEX12 and TXSoN) for validation of the presented Random Forests approach, validating the 36-km upscaled results for the SoilSCAPE network in California using extensive field sampling could provide greater confidence in application of the method. However, given the size of the area, which covers a large fraction of privately owned land planning and executing such a campaign is not practical or feasible. Using a smaller number of samples and using these to validate the 100-m scale predictions, as was done with the sensors from OSU, is feasible. Combining sampling with site visits will allow a larger validation dataset to be gradually built up.
The method is not specific to a single site and only needs appropriate data layers as input. Applying to different sites, where field campaigns have been carried out, will provide another means of validating the method. To facilitate this the code will be made available from https://github.com/mixil, where our group has made a variety of other codes available.
VI. CONCLUSION
A method has been presented for upscaling soil moisture measurements from in situ sensors over large areas, such that the resulting upscaled values can be used to validate products from spaceborne instruments, and in particular, from SMAP. The approach makes use of Random Forests to form a datadriven model relating soil moisture to a number of data layers providing information on soil type, landcover and topographic conditions. The method has been validated against field samples and outperformed other common methods used for upscaling.
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